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Abstract - Efficient Algorithms for Improving the 
Accuracy in Motifs Prediction 
 
Jerlin Camilus Merlin 
University of Connecticut 2012 
 
Analysis of sequence homology has always played a major role in the understanding of 
biological factors such as protein domain identification, gene product relationships, and gene 
function determination. Short contiguous protein sequences that are conserved across 
proteins provide important information about such factors, and are of at most 15 residues in 
length. These segments of proteins are known as minimotifs. Identifying minimotifs has been 
of much use in the formulation of the hypothesis about the biological functions that otherwise 
might be uncharacterized. Mechanisms of motif predictions such as Minimotif Miner are 
widely used for predicting minimotifs. However, due to the small lengths of minimotifs, the 
probability of a motif occurring by a random chance is very high. That is, a motif predicted 
by an algorithm could be invalid as it may not have any biological significance in the context 
of the examined protein sequence, but shares the sequence of a known minimotif by 
coincidence. This is one of the major difficulties faced by motif prediction algorithms. Hence 
the need for sophisticated filtering mechanisms arises to reduce false-positive rate in motifs 
prediction. This research proposes two major filtering algorithms, along with its extensions, 
to effectively reduce the false positive rate in motifs prediction.  
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Chapter 1 - Introduction 
 
 
 
 
The availability of huge biological data from the Human Genome Project and the like has raised 
the need to identify the relationship between individual gene products. Even though the 
genomic sequence for nearly all organisms can be identified typically using genome 
sequencing methodologies, understanding the relationships among the genomic sequences 
requires specialized techniques to be invoked. Motifs are one such pattern that is often 
responsible for meaningful relationships among the genomic sequence datasets. Extracting 
motifs has been an interesting problem in the biological community as these motifs are short 
in nature, and the probability of them occurring by a random chance is very high. Identifying 
a motif in a protein can be equally insightful as identifying a protein domain itself. Many 
approaches have been proposed to address this problem in the literature. In this research 
work, motif discovery problem in bioinformatics is addressed.  
 
Minimotifs are short contiguous nucleotide or amino-acid sequences in proteins that are known 
to have a biological significance/function. These short, contiguous patterns are also knows as 
short linear motifs (SLiMs) or sequence minimotifs. A sequence motif is distinguished from 
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a structural motif based on the arrangement of its peptides. A sequence motif has a 
contiguous arrangement of amino acids, whereas a structural motif is formed by the three 
dimensional arrangement of amino acids. Minimotifs are generally less than 15 residues in 
length. 
 
As Protein domains are conserved across evolution, it is logical to expect the binding partners 
(minimotifs) to be conserved as well. These conserved patterns are useful in providing 
additional information about the protein domains and functions. These minimotifs are 
typically restricted to single secondary structural elements and are often reduced to be 
represented by consensus sequence or position-specific scoring matrix (PSSM), based on 
their common set of attributes and functions. A consensus sequence represents highly or 
partially conserved positions. For example, a minimotif PxxP[CD]{AG}x(2) indicates that 
the first position is amino acid P, the second and the third positions can be any amino acids, 
the fifth position should either be the amino acid C or amino acid D, the sixth position should 
be any amino acid except A and G, and the next two positions can be any residues. PSSMs 
are matrices that report the probability for each of the amino acids occurring at each position 
of motif sequences. 
 
Each minimotif is known to have a function in at least one protein. The minimotif sequence is 
present in a source protein and has an activity relationship with one or more targets, most of 
which are proteins. The functions encoded by minimotifs can be categorized into direct 
covalent modification of the minimotif, binding determinants for other molecules, and 
protein trafficking tags. While the known functions of minimotifs, and their sequence 
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representations aid the biologists in identifying a new minimotif in a protein sequence based 
on different scoring mechanisms and algorithms, etc., the false-positive rate in predictions is 
still high as the minimotifs are relatively short, when compared to the more complex protein 
domain definitions. Such high probability of minimotif occurrence in a protein by random 
chance limits the usefulness of motifs prediction systems like Minimotif Miner (MnM) [1] 
[2] [3], Eukaryotic Linear Motif  (ELM) Server [3] [4], ScanSite [5] [6], etc.  
 
Minimotif Miner (MnM) is a database and a web-system to predict minimotifs in a protein 
sequence. The database consists of validated and known functional minimotifs with their 
attributes and functions and the associated web system helps the scientists in investigating a 
protein sequence for the presence of new minimotifs using the underlying database. The 
minimotifs in the database were manually obtained initially by searching the biological 
literature and also by including minimotifs from other databases containing minimotifs. Later 
on, mining algorithms and other specialized mechanisms were used to expand the database to 
include more minimotifs thereby facilitating new minimotif predictions. 
 
The initial version of MnM was released in 2006 and had 462 minimotifs [1]. The MnM 2nd 
version was revised to include about 5300 minimotifs and was released in 2008. The third 
release of MnM had a 60-fold increase in the database and included ~300,000 minimotifs. 
MnM 3.0 was released in January 2012 and the MnM web system can be accessed at 
http://mnm.engr.uconn.edu. A typical result in MnM lists about 50 minimotifs in the protein 
sequence.  
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To reduce the false positive predictions of minimotifs and to improve the accuracy of the 
predictions, much effort has been spent by different groups using various data sets such as  
molecular functions, cellular functions, protein structure, protein surface prediction, 
minimotif frequency scores, protein localization, ordered and disordered region scoring, 
evolutionary conservation, motif activity, motif sub-activity and cellular compartment. MnM 
uses three basic approaches to improve prediction accuracy: Frequency filter that uses the 
complexity of the minimotif to score the minimotif prediction accuracy. Surface prediction 
filter ignores the minimotifs that are not on the surface of the protein. The third filter 
considers the motif only if the minimotif is conserved across species. In addition to these 
three basic filters, MnM also uses some advanced filters like molecular function filter and 
cellular function based filters, etc [3].  
 
Even though these filtering mechanisms have reduced the false-positive predictions rate, it still 
remains an open problem to filter out all false positives in new minimotif predictions. Any 
new mechanism that improves the minimotif prediction accuracy will be of great help to 
biologists for investigating minimotifs. 
 
In MnM, the user enters a query protein sequence or its alias. The query protein sequence is 
located and analyzed using the MnM database and the minimotif searching algorithms in 
MnM to identify potential minimotifs in the query protein sequence. As mentioned above, 
like many other motif prediction algorithms, the potential minimotif list contains a large 
number of false positive predictions. However, each one of the potential motifs has the 
source protein which contains the motif and the potential target set of proteins with which the 
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motif interacts. So, per potential minimotif, MnM also relates a source-target(s) pair of 
proteins. The information about the source and the target proteins helps greatly in the 
reduction of false positives in motifs prediction.  
 
In this work, the goal is to reduce the false positives to improve motifs prediction accuracy of 
MnM using interaction specific information about the source protein and the list of target 
proteins of identified minimotif collection. Interaction details such as protein-protein 
interactions and gene-gene interactions are used to achieve this goal. The filters are protein-
protein interaction (PPI) filter [8] and Genetics Interaction (GI) filter [9]. These filters were 
implemented as part of MnM and can be used by the scientists online.  
 
Protein-protein interaction filter is a false positive reduction filter that eliminates minimotifs if 
the protein to be analyzed (query protein) is not known to have any form of interaction with 
any of the target proteins of the identified minimotif. The bottom line is that a putative 
minimotif is likely to be relevant for the query protein if there is a valid protein-protein 
interaction between the two proteins that are involved: the query protein entered by the user 
and any one of the target proteins of the potential minimotif. Varied stringencies are defined 
and implemented for this filter to fine-tune the prediction restriction capabilities.  
 
In addition to the basic version of the PPI filter mentioned above, extended versions of the same 
filter have also been designed and implemented along with the ability to control the accuracy 
of the prediction. They are PPI-Homologene Filter and PPI-Similarity Filter. The PPI-
Homologene filter takes into account the homologous protein set as well to determine if a 
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motif prediction is valid or not. PPI-Similarity filter works by considering proteins similar to 
that of the source-target proteins of the predicted motif. 
 
Genetic interaction data is used to eliminate false positive motif predictions in the Genetic 
Interactions (GI) filter. As there is a rich dataset of true positive genetic interactions for 
yeasts, flies, worms, etc., GI filter makes use of these data to filter off the false positives in 
motifs prediction. Studies have shown that if a protein has a genetic interaction with another, 
then often a minimotif is responsible for this interaction.  This fact is used to do the reverse 
engineering, in which a motif is considered to be valid by the GI filter only if the source and 
target genes have a valid interaction between them. Here again, multiple strategies have been 
implemented for modulating the stringency level in motifs prediction. 
 
GI filter was also extended to be GI-Node filter and GI-Homologene filter. GI-Node filter 
considers the gene interaction network and based on the node level, includes a motif as valid 
if the interaction is within that of a specified node level. Otherwise, it filters out the 
prediction as invalid. GI-Homologene is similar to that of the PPI-Homologene except that it 
takes into account the gene interactions instead of the protein-protein interactions. 
 
The two filters along with their extended variations mentioned above have been built and 
implemented in the MnM web system. These filters have been tested on verified data set and 
a random data set to estimate their prediction accuracies. By testing these filters out on the 
global data set, the efficiency and the utility of these filters have been demonstrated to 
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identify novel minimotifs with decreased false positive rates. In addition to the testing, the 
statistical significance of these filters has also been computed for these filters. 
 
The rest of the thesis is organized as follows. Chapter 2 provides a discussion on the protein-
protein interaction filter and its variations. The PPI filters’ implementation and their 
usefulness are demonstrated in this chapter. Chapter 3 explains the genetic interaction filter 
along with its variations. The GI filter implementation details and the way they affect the 
minimotif predictions are described in this chapter.  
  
 8 
 
 
Chapter 2 - Protein-Protein Interactions 
Filter 
 
 
 
 
2. 1 Introduction 
 
The interactions among proteins play a major role in understanding cellular functions and their 
interactions. Recent studies provide a well-established theory about physical forces that drive 
the chemical interactions in PPI chemistry [7] [11]. Minimotifs are short functional peptide 
sequences that provide the connection between the physical and chemical forces of PPI. They 
bind to the protein domains and play a major role in bridging the gap between the general 
discontinuity that exists between the physical and chemical forces of PPI [12]. 
 
Minimotifs are known to have functions associated with them. One class of such functions is the 
participation of minimotif in binding protein domains such as SH2, SH3, etc. [6]. These 
minimotifs are validated to have known molecular functions and are generally known to be 
simple with very small probability of being on the surface of a protein. With these factors 
contributing to minimotifs and PPIs, the analysis of protein-protein interactions that are 
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driven by minimotifs can be limited by restricting the amount of residues that needs to be 
considered. In order to reduce the false positive minimotifs predictions, only those proteins 
that are known to have valid PPIs are considered, and others can be ignored or filtered out 
from further consideration. This enables the minimotif prediction to be more precise in the 
context of protein interaction domains, considerably decreasing the probability of motifs that 
can occur by random chance [8].  
 
The availability of more databases on protein-protein interactions such as BIND, DIP, BioGriD, 
IntAct, MIPS, MINT, HPRD, and YPD indicates the more recent advancement in the study 
of PPI and its functionality [7] [8] [9] [10] [11]. These databases are generally built from 
high throughput technologies such as yeast 2-hybrid screens, Tandem affinity purification, as 
well as manual curation of the literature. However, there is no one pit-stop for locating all 
known PPI interactions.  The data available in these databases can be useful in discriminating 
valid motifs from the invalid ones in MnM. 
 
PPI data can be used to address the problem of reducing false positives in motif predictions, as 
well as identifying the minimotifs between a pair of proteins that are already known to 
interact. For instance, analysis of ‘complement component C6’ (NP_000056) protein in 
human beings through MnM predicted 137 minimotifs without applying the PPI filter, 
whereas only 8 of them were found to be valid after incorporating PPI specific information. 
Thus, PPI filters can be of great use in identifying valid motif predictions by removing false 
positives. At the same time, similar analysis of ‘disks large associate protein-1’ (NP_075235) 
protein showed that minimotifs PxxPxK and YxxP were found in it. These minimotifs were 
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known to bind to the SH3 and SH2 domains of Crk, respectively [12] [16]. This showed that 
PPI filter is effective in both the scenarios mentioned above. 
 
 
2. 2 Data Sources for PPI Filters 
 
Minimotif Miner database 2.0 is used for the PPI Filter. It has been upgraded to use the latest 
version of the MnM database. MnM 2.0 database has ~5300 minimotifs and needs to be 
annotated with protein details. Every minimotif in the MnM database has its experimental 
evidence associated with it [2]. Using the experimental evidence, the source protein, the 
protein that contains the minimotif and the target proteins, a list of proteins that engage the 
minimotif was populated for all minimotifs in the MnM database. If the protein information 
is missing in the database for a particular minimotif, it was because of ambiguous protein 
details in the literature, or of no valid alias in peptide based screen. 
 
The next step in engineering the protein-protein interaction filter was to identify known dataset 
of protein-protein interactions. The data source needs to have the minimal information on the 
two interacting proteins such as their accession number. Literature study was performed to 
identify the databases that were suitable for the research. The databases were selected 
primarily based on the following criteria: 
1. Public availability of the data set 
2. Amount of data 
3. Reliability of the data 
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Based on these criteria, six databases were selected [8] [13] [14]. The databases are listed below: 
1. Database of Interacting Proteins (DiP) 
2. Entrez Gene 
3. Human Protein Resource Database (HPRD) 
4. Molecular Interaction database (MINT) 
5. VirusMINT and  
6. IntAct 
 
The fact that these databases may contain redundant information, very low intrinsic false-
positive rate, and possible incorrect/invalid prediction was also taken into account. HPRD 
release 8, and MINT release 2.5 were used for this study. In general, these databases are 
annotated from the literature or built from experimentation results.  
 
Table 1 lists the details about each of these databases. 
 
Database # 
interacti
ons 
# 
prot
eins 
# species Data source Reference 
# 
Date 
Downloa
ded 
DiP 57,683 20,728 274 Literature 
curation 
[19] Aug., 2009 
Entrez 
Gene 
387,159 19,205 unknown Linkout 
databases 
[20] Sep., 2009 
HPRD 38,806 27,081 1 Yeast 2-hybrid, 
in vitro or in 
vivo 
experiments, 
Proteinpedia 
[21] Aug., 2009 
MINT 83,321 29,774 unknown Literature [22] Jun., 2009 
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curation 
Virus 
MIN
T 
1,854 468 99 Literature 
curation 
[18] Nov., 209 
IntAct 216394 63654 unknown Experiments [17] Jun., 2010 
Total 785217      
 
Table 1 Sources of protein-protein interaction data 
 
In total, the databases contain >785,000 protein-protein interaction information, of which 
~322,579 interactions are likely to be unique. It was also taken into consideration that these 
databases have different ways of representing the interacting proteins.  
 
In order to overcome the issue of using different aliases in the databases, an alias table was built, 
that contained the mapping between different access numbers and their aliases. This provided 
a way to relate multiple databases to perform efficient processing of the data set. 
 
 
2. 3 Design of Protein-protein Interaction filters 
 
Using PPI databases, and the protein information about the minimotifs, several PPI filters were 
built and implemented in the MnM web system. The filters are listed below: 
1. Basic PPI filter 
2. PPI-Homologene filter and  
3. PPI-Similarity filter  
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The basic PPI filter works on the fundamental proteins that are involved in the minimotif 
prediction process, such as source protein, target protein(s), and the query protein. The 
source protein is the protein in which the minimotif is identified. The target protein is the one 
that is engaged by the minimotif. The query protein is the one provided by the user to be 
analyzed for novel motif prediction. The PPI-Homologene filter takes into account the 
homologous proteins for the motif prediction. The PPI-Similarity filter uses BLAST to find 
similar proteins in identifying valid motifs. The filters are explained in detail below. 
 
2. 3. 1 Basic PPI Filter 
 
Let Q be the query protein in which minimotifs are to be predicted. This is the protein entered by 
the user for analysis and motifs prediction. When Q is analyzed using MnM it lists a set of 
potential motifs. Let L be the list of putative motifs. Let M be a putative motif from the list L. 
Let S be its source Protein, and let T be its target protein. Each PPI pair in the databases is 
assigned (A, B) and (B, A), where A and B are proteins. That is, each PPI pair (protein1-
protein2) in the databases is thought of as two pairs; 1) protein interacting with protein2, and 
2) protein2 interacting with protein1. For any protein Q, the database is searched for the 
exact match of the pair (Q, T) and (T, Q). If there is a match, the minimotif is considered to 
be valid. Otherwise, it gets eliminated by this filter.  
 
The algorithm for the basic PPI filter is given in Algorithm 1. 
----------------------------------------------------------------------------------------------------- 
Algorithm: BasicPPI 
----------------------------------------------------------------------------------------------------- 
 
Input: Query Protein Q, Target Protein T, PPI databases 
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Output: True if valid motif, False if invalid motif 
 
Algorithm: 
For each pair (A, B) in PPI databases 
     If the pair (Q, T) or (T, Q) exactly matches (A, B) 
          Return true. 
Return false. 
----------------------------------------------------------------------------------------------------- 
Algorithm 1: Pseudocode for the basic-PPI filter 
 
2. 3. 2 PPI-Homologene Filter 
 
Minimotifs in protein-protein interactions are known to be conserved across species in most 
cases [15] [16] [17]. This observation was used to develop an extension of the basic PPI 
filtering algorithm using Homologene clusters. Homologene database consists of clusters of 
gene families based on orthologues and paralogues [18]. This database can be used to 
identify minimotifs in different species. The idea here is that if a minimotif is involved in a 
PPI of one species, it will be conserved in orthologues and paralogues across species and taxa 
as well.  
 
Any pair (A, B) in a PPI database can be extended to (Ai, Bi) for all possible species with valid 
interactions, where i is the species. The extension is based on the Homologene database. 
Note that an interaction is considered to be valid only if both the proteins belong to the same 
species. For any query protein Q, Qi is obtained from the Homologene database, and the 
pairs (Qi, Ti) and (Ti, Qi) are validated for all possible combinations, as Homologene 
database generally maps a protein to all its homologues. The minimotif is considered to be 
valid if any of its homologue pair is known to exactly match a PPI pair in the database. 
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A pseudocode for PPI-Homologene filter is given in Algorithm 2. 
----------------------------------------------------------------------------------------------------- 
Algorithm: PPIHomologene  
----------------------------------------------------------------------------------------------------- 
 
Input: Query Protein Q, Target Protein T, PPI database, Homologene database 
Output: True if valid motif, False if invalid motif 
 
Algorithm: 
Get the Homologene cluster for Q. Let it be {Q1, Q2, …, Qn}. 
Get the interacting partner of Qi from the database. Let this set be {Qpi1, Qpi2, .., Qpim}. 
Let the interacting pairs, set Q′, be  
{(Q1, Qp11),(Q1, Qp12), …, (Q1, Qp1m) 
(Q2, Qp21),(Q2, Qp22), …, (Q2, Qp2m), …, (Qn, Qpn1), (Qn, Qpn2), …, (Qn, Qpnm)} 
Remove from Q′ all the pairs that are not of the same species, to get Q″. 
For each i = 1 to n do 
     Get the Homologene cluster of the target protein Ti. Let it be {Ti1, Ti2,.. T1m}. 
For each j = 1 to m do 
     Check if there exists a pair in Q″ such that Qpxy = Tij, where 0 > x > n, and 0 > y > m. 
     If there is a match  
          Return true 
     Else 
          Return false 
----------------------------------------------------------------------------------------------------- 
Algorithm 2: Pseudocode for the PPI-Homologene filter 
 
2. 3. 3 PPI-Similarity Filter 
 
PPI-Homologene cluster uses species information to locate the PPIs to eliminate false positive in 
motif predictions. While this considers PPI from species clusters perspective, it is also logical 
to consider PPIs that are conserved in broader range of homologues. For instance, the 
minimotif PxxP can bind to many 100’s of SH3 domains in different proteins. PPI-Similarity 
filter was developed based on this data. A protein in the database is expanded to form a 
cluster of proteins using BLAST [19]. This expanded database is called Extended-PPI 
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database. This database contains clusters of similar proteins. A protein pair (A, B) is 
expanded to form (A’, B’), where A and B are proteins and A’ and B’ are protein clusters. A’ 
contains proteins that are similar to protein A, B’ contains proteins similar to B. BLAST 
cutoff threshold is varied to produce clusters with various stringency in sequence similarity. 
A minimotif is considered to be valid if the query-target protein pair (Q, T) matches a PPI 
pair (Q’, T’) or (T’, Q’) in the database, where Q’ is similar to Q, and T’ is similar to T. 
 
The algorithm for PPI-Similarity filter is given in Algorithm 3. 
----------------------------------------------------------------------------------------------------- 
Algorithm: PPISimilarity  
----------------------------------------------------------------------------------------------------- 
 
Input: Query Protein Q, Target Protein T, Extended-PPI database, Threshold t 
Output: True if valid motif, False if invalid motif 
 
Algorithm: 
BLAST Q against all the entries in the database.  
Get all the entries within the threshold.  
Let the resulting set be S{s1, s2, s3.., sn}. (For example, let S be {I3, I7′, I15, I19, I34′,…}). 
For each i = 1 to n in S do 
     Get the interacting pair from the database. For instance, if the interactor is I1, then get I1′. Let 
the resulting set of all the partners of interactors in S be S′. (Now S′ has entries {I3′, I7, I15′, 
I19′, I34,…}). 
For each i = 1 to n do 
BLAST the target Ti against S′. 
If the score is within the threshold t 
     (Q, Ti) passes the filter. 
     Return true. 
Else  
     Return false. 
----------------------------------------------------------------------------------------------------- 
Algorithm 3: Pseudocode for the PPI-Similarity filter 
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2. 4 Results and Analysis 
 
To improve the prediction accuracy of MnM, we have devised three filters that used PPI data as 
the underlying mechanism to filter out motifs that occur by random chance. The filters are 
PPI basic filter, PPI-Homologene filter and PPI-Similarity filter. The PPI-Homologene filter 
and PPI-Similarity filters are less stringent versions of the basic PPI filter, and consider 
clusters of proteins based on species homology and sequence similarity, respectively. To test 
the effectiveness and the performance of any filter, the filter ideally needs to be applied 
against known validated motifs (true positives) as well as known negative dataset (true 
negatives). 
 
The filters have been evaluated using the MnM 2.0 database for sensitivity analysis. The MnM 
2.0 database contains validated minimotifs and has a size of ~5300. Out of these motifs, 2941 
minimotifs have valid source protein and target protein. These minimotifs can be used as true 
positives to assess the sensitivity of PPI filters. The Protein pairs that are common between 
these source-target protein pairs and the protein-protein pairs in the PPI databases are 
computed and this percentage was used as the sensitivity measure of the PPI filters. Larger 
number indicates higher sensitivity. 
 
As there are no known negative datasets to compute selectivity of the PPI filters, a random set of 
protein-protein pairs was used to access the selectivity of the filters. To generate the random 
protein pairs the following procedure was used: Out of a randomly picked 20 proteins, each 
one of them was analyzed using MnM to generate a list of potential motifs. Let this list be L. 
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For each motif in L, the target protein of the motif and the query protein were paired up as 
the query-target pair of proteins. The PPI filters were then applied on these query-target pair 
to see if this pair passes the filter or not. The percentage of the query-target pairs that passes 
the filter was used for computing the selectivity of the filter. Smaller number indicates more 
selectivity of valid motifs. 
 
Discrimination Ratio (DR) was used to examine the performance and efficiency of the filter.  DR 
was computed as below: 
Discrimination Ratio (DR) = sensitivity / selectivity 
 
2. 4. 1 Evaluation of PPI Filter 
 
 
Table 2 shows the evaluation of the PPI filter on each of the PPI databases. The databases were 
handled individually for the analysis as there could be redundancy when combining the 
databases. Also the coverage of each of the database was not known, which might influence 
the results.  
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1
 Sensitivity (%) 2 Selectivity (%)  3 Discrimination ratio  
DiP 1.6 0 x 
Entrez Gene 40.7 3.3 12.5 
HPRD 31 2.7 11.6 
MINT 41.2 1.5 27.7 
VirusMint 0.2 0 x 
IntAct 7.4 0.7 11.4 
4At least one 61.6 2.1 29.3 
 
Table 2 Evaluation of the PPI filter 
1
' Sensitivity’ refers to the percentage of positive instances that are accepted by the filter. 
2
' Selectivity’ refers to the percentage of negative instances accepted by the filter. 
3
' Discrimination ratio’ is sensitivity/selectivity. 
4
'At least one’ refers to a minimotif that was identified in at least one of the PPI databases listed in this table. 
 
The results show that databases like MINT and HPRD are very much useful in the minimotif 
prediction, as the sensitivity of these filters is very high and their selectivity very low. The 
sensitivity shows that many of the known PPI predictions are valid in the MnM database as 
well, and the low selectivity denotes that a few of them were considered by the PPI filter to 
be valid in a random data set. Collectively, 62% of minimotifs were found in at least one of 
the 6 PPI databases examined. When these databases were considered together, the DR value 
was 31, indicating that the PPI filter is very effective in identifying valid minimotifs by 
removing false positives. 
 
2. 4. 2 Evaluation of the PPI-Homologene Filter 
 
PPI-Homologene filter has been tested to see its impact on reducing false positive predictions in 
minimotifs using MnM.  
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Table 3 shows the result for evaluating PPI-Homologene filter. Although there are no significant 
differences in the performance of this filter when compared against the sensitivity results of 
the basic PPI filter, there is a minor reduction in the selectivity of PPI-Homologene filter, 
resulting in a decrease in DR.  
 
 
1
 Sensitivity 1 Selectivity 1 Discrimination Ratio 
DIP 1.9 0 x 
Entrez Gene 44.7 3.5 12.7 
HPRD 33.3 2.7 12.2 
MINT 41.2 2.4 17 
VirusMint 1.5 0 x 
IntAct 8.3 1.2 7 
2At least one  63.7 5.1 12.5 
 
Table 3 Evaluation of the HomoloGene-PPI filter 
1Measurements in column are as defined in  
Table 2. 
 
2
'At least one’ refers to a minimotif with a source and target that matched in at least one of the PPI databases listed 
in this table. 
 
The results did not produce any significant difference in this scenario, more likely because the 
MnM database does not contain many minimotifs that are defined for more than one species. 
This filter can still produce good results in appropriate situations that consider species 
specific information. 
 
2. 4. 3 Evaluation of PPI-Similarity Filter 
 
PPI-Similarity filter considers the PPI interactions and sequence similarity instead of 
Homologene clusters as in the previous filter to identify potential motifs. Figure 1 shows the 
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result of PPI-similarity filter. Extended-PPI database was used to identify potential motifs. 
BLAST threshold was varied to observe the performance of the filter. It can be seen that the 
DR increases as the threshold increases, indicating that the more stringent the sequence 
similarity, the more is the filter performance.  
 
 
Figure 1 Evaluation of the Similarity-PPI filter 
 
It was also observed that a BLAST threshold of less than 20 resulted in a high sensitivity and a 
low selectivity. However, higher BLAST thresholds always resulted in better selectivity. 
Hence, this filter will identify more minimotifs than the other two PPI filters. 
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2. 4. 5 Statistical significance of the PPI Filters 
 
The statistical significance of the PPI filtering algorithms was analyzed using Receiver Operating 
Characteristics (ROC) curves. The ROC curves are typically used to evaluate the sensitivity 
and the selectivity of any algorithm. In order to plot ROC curves, we need an underlying 
parameter that varies. But out of the three PPI filters, only PPI- Similarity filter has a varying 
parameter: BLAST score. So, for the other two filters, PPI basic filter and PPI-Homologene 
filter ROC curves may not be relevant. 
 
Figure 2 shows the ROC curve for PPI-Similarity filter. The effectiveness of an algorithm can be 
determined using the ROC curve characteristics namely Area under the curve (AOU) and p-
value. In an ideal case, the AOU is 1.0. The AOU for PPI-similarity filter is 0.9. The p-value 
is the probability of a random algorithm producing the same results as this algorithm. The p-
value of the Similarity PPI filter is 0.001. 
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Figure 2 ROC curve for the PPI-Similarity filter 
 
In order to compare/calibrate the performance of the PPI Similarity filter, the ROC curve for the 
frequency score filter was also plotted. The frequency score filter reduces the false positive 
prediction of minimotifs by considering the frequency of amino acids in a motif sequence 
against that in the proteome.  
 
Figure 3 shows the ROC curve for the Frequency score filter. The AOU for the frequency score 
filter is 0.7 and the p-value is 0.08. 
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Figure 3 ROC curve for the Frequency score filter 
 
Table 4 compares the two filters based on their statistical significance and it can be inferred that 
the PPI filter performs better than the frequency score filter. 
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 PPI Filter Frequency Score Filter 
1Area 0.9 0.7 
2Total 22 16 
3Events 11 8 
4Noevents 11 8 
p-value 0.001 0.08 
 
Table 4 Comparison between filters based on ROC curves 
1Area is the area under the ROC curve. 
2Total is the number of tests. 
3Events is the total number of tests on true data. 
4Noevents is the total number of tests on random (negative) data. 
 
 
2. 4. 6 Study of Grb2 using PPI filters 
 
PPI filters were tested on the Growth Factor Receptor Binding protein 2 (Grb2) as the other goal 
of this research was to identify minimotifs in interaction proteins, one of them having the 
known PPI interaction. Grb2 proteins in different species were analyzed and the results can 
be found in  
Table 5. Grb2 proteins are adapter proteins that are involved in receptor tyrosine kinase signaling, 
and hence become a good test case for the study [24] [25].  
 
The percentage of minimotifs that passed the PPI filter was 50% and 19% for human and rat, 
respectively. In fly and mouse, not many known interactions are reported. This shows that 
PPI filter can be very effective in selecting known PPIs and minimotifs, especially in the case 
of human and rat Grb2 interactions. These species are well annotated in MnM databases. 
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1
 Grb2 2 PPI filter (%)  2 HomoloGene-PPI filter (%) 
Human 36 36 
Mouse 0 10 
Rat 13 13 
Fly 0 7 
 
Table 5 Percentages of minimotifs in Grb2 that pass different PPI filters 
1Grb2 proteins from different species were analyzed with the PPI and HomoloGene-PPI filters. 
2The percentage of minimotif predictions that passes the filter. 
 
 
Table 5 also shows the result of PPI-Similarity filter on Grb2 proteins. As the existence of PPI is 
suggested by the PPI filter for human and rat, it is logical to assume that similar interactions 
exist in mouse and fly of Grb2 protein as well. 15 and 11 minimotifs and interactions were 
found in mouse and fly, respectively, when PPI-Homologene filter was employed. This 
shows that PPI-Homologene filter is a good source for identifying conserved interactions 
across species, if such interactions are found in similar species. 
 
The effect of PPI-Similarity filter on Grb2 proteins was also analyzed to understand the protein 
interactions in other proteins with sequence similarity. 
Table 6 shows the percentage of minimotifs that pass the PPI-Similarity filter. Even with the 
higher threshold value in the BLAST score, many minimotifs were considered to be valid by 
the filter. The result was also consistent across different species of Grb2 proteins. As 
expected, lesser BLAST threshold produced more minimotifs than that for larger values. 
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1
 Grb2 1 BLAST score threshold  
 10 20 30 40 50 100 150 200 500 1000 
Human 74 63 61 59 55 55 55 55 55 55 
Mouse 61 43 30 30 28 20 20 20 20 20 
Rat 64 48 37 37 35 31 31 31 31 31 
Fly 61 50 28 28 25 19 19 19 19 19 
 
Table 6 Percentages of minimotifs in Grb2 that pass the Similarity-PPI filter 
1Analysis as in  
Table 5 except that the Similarity PPI filter was used and BLAST threshold was varied to create different PPI 
datasets for the analysis. 
 
 
With the intention of reducing the number of minimotifs reported by the PPI-Similarity filter, 
additional constraint that the interacting proteins should contain the identified minimotif was 
enforced. This reduced the number of minimotifs retained by the filter, as shown in  
Table 7. 
 
 
1
 Grb2 1 BLAST score threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 55 44 42 36 36 36 36 36 36 36 
Mouse 61 43 30 30 28 20 20 20 15 7 
Rat 55 40 28 28 26 22 20 20 15 13 
Fly 61 50 28 28 25 19 19 19 17 5 
 
Table 7 Percentages of minimotifs in Grb2 that pass the Similarity-PPI filter that contain the predicted minimotif 
1Analysis as in  
Table 6 except the additional constraint that Si should contain pi, the putative minimotif was implemented. 
 
 
To get a collective feel for the performance of PPI-Similarity filter, 100 proteins were randomly 
selected and evaluated by the PPI-Similarity filter for different BLAST threshold values ( 
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Table 8).  
 
 
1
 Blast score threshold  1# not removed by filter 1 Removed by filter (%) 
10 4658 28% 
20 2133 54% 
30 904 80% 
40 668 86% 
50 550 88% 
100 396 91% 
150 347 93% 
200 347 93% 
500 274 94% 
1000 274 94% 
 
Table 8 Analysis of 100 random query proteins with the Similarity-PPI filter in MnM 
1Analysis as in  
Table 6 except on 100 randomly selected proteins. 
 
 
More results can be seen in Appendix which reports the percentage of minimotifs in the proteins, 
for a random set of proteins that pass the PPI-Similarity filter. So, a wide range of tests was 
performed and it can be seen that the PPI filters can be an effective measure in reducing the 
false positives in minimotif predictions. 
 
 
2. 4. 7 Analysis  
 
The recent progress in the study of physical and chemical forces that are involved in the protein-
protein interactions resulted in the availability of large data sets of known PPIs.  Minimotifs 
are known to contribute significantly in such interactions.  Therefore, identification of such 
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minimotifs in such scenarios can aid in the understanding of protein-protein interactions and 
their properties. If two proteins are known to interact, the residue through which it interacts 
can be deduced using identification of the minimotif that is involved in the interactions. 
Understanding of such minimotifs can, in turn, broaden the understanding of PPIs. 
 
Even though occurrence of minimotifs and PPI at an instance is a common scenario, there were 
no tools that facilitated the prediction and identification of minimotifs in PPIs. Minimotifs 
can be validated based on the presence of a known PPI. Also, PPI can be derived and 
examined based on a known minimotif. In order to facilitate such predictions, three new 
filters based on PPI have been implemented in the MnM web system.  
 
While comparing the known PPIs in MnM against those in the other specialized PPI databases, it 
was found that about 40% of the interactions reported in the MnM database were not 
contained in the PPI databases. MnM populates its database based on the literature and 
reported experimentation results. The interactions in the MnM database correspond to the 
source and the target proteins of the minimotifs in MnM. This shows that there is a major 
discrepancy in the specialized PPI databases such as MINT, HPRD, etc. and the available 
literature, suggesting that there is still scope in building a comprehensive PPI database. 
 
The PPIs are often conserved across similar species, as well as in wider taxa  [15] [16]  [17] [26]. 
Minimotifs found in one species can be extended to similar species based on this idea. Hence 
the PPI-Homologene filter has been developed and implemented in the MnM web system. 
When tested, it did not show significant improvement over the other filters. This is likely due 
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to the unavailability of known minimotifs across different species, as MnM does not have 
equal distribution in the annotation of minimotifs across species. It is more biased towards 
having more minimotifs annotated for human and rat, but not for species like mouse and fly. 
This was established by performing a study on Grb2 in human. 
 
PPI-Similarity filter is designed to consider clusters based on sequence similarity in PPIs. While 
tested initially, the results were similar for most of the BLAST threshold levels. However, 
global study suggests that the filter will be more appropriate for studies that require different 
limitations in the stringency of the PPI filter. Based on the threshold picked by the user, the 
similarity level is adjusted and the tests are performed. ROC curve shows that this filter is 
significant. It was also compared against frequency score filter and has been proven to 
perform better and be more significant in the prediction of minimotifs. 
 
 
2. 5 MnM User interface for the PPI Filter 
 
To make the PPI filters accessible to biologists, the PPI filters have been implemented and 
incorporated into the MnM web system.  
 
The Motif filters functionality in MnM web system has been modified to include protein-protein 
interaction (PPI) filters. Under the PPI section, subsections like PPI filter, PPI-Similarity and 
PPI-Homologene have been included. PPI-Homologene filter has options to select the 
BLAST threshold of 10, 20, 30, 40, 50, 100, 150, 200, 500 and 1000 (Figure 4). Sequence 
  
similarity stringency will be adjusted based on the threshold value selecte
application of PPI-Homologene
 
Figure 4 Filter selectors in Minimotif Miner
 
Capabilities to include the PPI filter or exclude the PPI filter from the search options have also 
been implemented. If the PPI filter is included and applied, only those minimotifs that are 
retained by the corresponding PPI filter will be displayed in the
31 
 filter.  
 web application
 results page. If it is excluded, 
d during the 
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all the minimotifs that are filtered out by the filter will be displayed in the results page. The 
PPI filters can also be used in combination with other filters such as molecular function filter, 
motif activity filter, etc. User also has the option to export the results at any instance.  
 
Figure 5 and Figure 6 show the screenshot of MnM webpage before and after applying the PPI 
filter on acyl-CoA dehydrogenase (NP_000007), respectively. Before applying PPI, MnM 
predicted 108 minimotifs in the protein. After the PPI filter was applied, the prediction of 
minimotifs was reduced from 108 to 31.  
 
  
Figure 5
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 Screenshots of Results table in MnM 
 
  
 
Figure 6 Screenshots of MnM website after PPI filter 
 
2. 6 Conclusions 
 
In this chapter, new algorithms have been
novel minimotifs based on protein
by considering the minimotifs that play a significant role in the interaction between proteins. 
The filters developed and implemented are the PPI basic filter that works on the basic 
proteins involved in prediction, the PPI
34 
was applied
 presented to improve the accuracy of the prediction of 
-protein interactions. The false positive rate 
-Homologene filter that extends the basic PPI filter by 
 
 
was reduced 
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considering conserved patterns across species, and the PPI-Similarity filter that works on 
sequence similarity. Results show that these PPI filters are effective in improving the 
minimotif prediction accuracy and reducing the false positive rate in motifs prediction. Thus 
these new computational tools can be used in effective discovery of novel minimotifs in a 
protein sequence.  
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Chapter 3 - Genetic Interactions Filter 
 
 
 
 
3. 1 Introduction 
 
Systematic reverse genetic analysis of various species like, yeast, worms and flies have produced 
large datasets of genetic interaction. These datasets contain 100s of thousands of validated 
and known gene interactions [34] [35] [36] [37]. In this chapter, a study and implementation 
of the impact of gene interactions in removing false positives is presented [38]. 
 
Studies show that the genes of source and target proteins of a minimotif tend to interact. For 
instance, genes of Jnk Kinase has interactions with many of its natural substrate [20], and 
Polo binds a motif in Mtrm and are known to have gene interactions [21].  So, gene 
interactions can have a potential role in minimotif predictions and its false positive 
reductions. 
 
Minimotifs in MnM database have associated information such as source protein, target protein, 
activity, literature reference, etc. Using the protein information about the minimotifs such as 
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source protein in which the minimotif is present, and the target protein which engages the 
minimotif, corresponding genes can be located using publicly available databases. The gene 
information can then be used to distinguish potential motifs from the ones that could occur 
by random chance [9]. 
 
Multiple filtering algorithms have been developed based on gene interactions and implemented 
and tested in the MnM web system. Details on the gene interactions (GI) filters are presented 
in the rest of the chapter. 
 
 
3.2 Data sources for gene interaction filters 
 
As in the case of PPI filters, the MnM database was used as positive data. MnM 2.0 had about 
5300 minimotifs annotated from the literature [2]. The minimotifs also contain associated 
details such as source protein, target protein and activity wherever possible.  This dataset can 
be used for evaluating the filters’ efficiency. 
 
To make use of the gene interaction details for filtering out motifs that can occur by random 
chance, it was necessary to obtain known gene interaction information. The gene interaction 
data set was obtained with the following criteria: 
1. Public availability of data 
2. Reliability of data and 
3. Data set size 
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The databases that are used for the filters implementation and analysis are as below: 
1. Biological General Repository for Interaction Datasets (BioGRID) 
2. Flybase 
3. NCBI Entrez-Gene 
4. Saccharomyces genome database (SGD) 
 
These databases contain known gene interactions annotated from different sources, and also from 
experimental results.  
Table 9 lists more details about these databases such as species, interaction count, etc.  
 
Data Source Species Interactions Tested # Genes 
BioGrid Many species 124410 9020 
SGD Saccharomyces cervesiae 151046 7155 
Flybase Drosophila melanogaster 76411 2904 
Entrez Gene Many species 387159 - 
 
Table 9 Genetic interaction data sources 
 
It was also taken into account that these databases collectively can contain redundant 
information. In total, there are ~700,000 GIs from multiple species. This count is without 
eliminating the redundant information. Gene-protein mapping data was obtained as well, as 
the MnM has just the protein data of a minimotif. This mapping is helpful in locating the 
gene associated with the protein.  
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Different databases have different ways of representing their own data. Each database might use 
different aliases and annotations such as accession number, BioGRID identifier, etc. to 
denote its data. To address this issue, an alias mapping table was built. This table contains the 
mapping among different aliases. 
 
3. 3 Design of Gene Interactions filtering algorithms 
 
Several filters have been designed, built and incorporated into MnM to improve the minimotif 
prediction accuracy. As minimotifs are short and simple, the probability of them occurring by 
random chance is very high. This brings in the need for developing filters that will improve 
the accuracy of the motifs prediction. The GIs have been studied well and are known to 
influence the minimotif occurrence in a protein. Hence we developed three filters based on 
gene interactions. The filters are shown below: 
1. GI Filter 
2. GI-Node Filter 
3. GI-Homologene Filter 
 
The bottom-line of these filters is that a putative minimotif is considered to be valid if the genes 
of its proteins are known to be interacting. If one such interaction is known, the minimotif is 
considered to be valid, otherwise the motif is considered to have occurred by random chance. 
 
Three variations of the GI filter were designed. The GI basic filter considers the fundamental 
proteins of minimotifs and their genes to locate any gene interactions. The GI-Node filter 
 40 
 
crawls through the gene interaction network to check if any interactions can be found. The 
level of exploration of the network is determined by the node level. The GI-Homologene 
filter extends the gene interactions to similar species, as GIs are conserved in many species 
that are diverse and related [40]. Homologous proteins and their genes are explored to see if 
any gene interactions can be found in similar species. The filters are explained in detail 
below. 
 
3. 3. 1 Basic GI Filter 
 
The GI basic filter works directly on the immediate proteins of minimotifs. Let P be the putative 
motif, and let S be its source protein in which P is found, and let T be its target protein that 
engages the motif P. Let S’ be the encoding gene of protein S, and let T’ be the gene that 
encodes T. The GI databases are looked up for an exact match of the pair (S’, T’) or (T’, S’). 
If a match is found, P is considered to be a valid prediction. If not, P is ignored by the filter. 
 
The algorithm for GI basic filter is given in Algorithm 4. 
 ----------------------------------------------------------------------------------------------------- 
Algorithm: BasicGI  
----------------------------------------------------------------------------------------------------- 
 
Input: Query Protein Q’, Target Protein T’, GI databases 
Output: True if valid motif, False if invalid motif 
 
Algorithm: 
Get Q and T, encoding gene of proteins Q’ and T’ respectively. 
For each pair (A, B) in GI databases 
     If the pair (Q, T) or (T, Q) exactly matches (A, B) 
          Return true. 
Return false. 
----------------------------------------------------------------------------------------------------- 
Algorithm 4: Pseudocode for the basic-GI filter 
 41 
 
3. 3. 2 GI-Node Filter 
 
Genetic interactions that accelerate minimotif predictions might not be evident in the immediate 
genes of the proteins involved in minimotif activities. It might be interacting at a different 
level instead of on the immediate level. As these interactions are indirect, it is logical to 
explore the GI networks to identify potential minimotifs. The genetic interaction network can 
be viewed as a set of nodes and edges. The nodes represent the genes, and the edges 
represent the interactions among the genes.  
 
If the corresponding genes of proteins in minimotifs can be identified as nodes in the GI 
network, then the interaction between a pair of nodes can be considered to be valid, based on 
the intermediate number of nodes and links needed to connect these genes together. If the 
two genes of a minimotif are connected by a direct link without any other genes in between 
them, then this interaction will be valid with respect to the GI basic filter. In this case, the 
node level is 1, and the genes require one link in the network to connect them together. If the 
genes are connected through another gene G, and require two links between them, one for 
connecting the source with G, and another for connecting G with the target, then this is 
considered to be valid if the node level is 2. The same interaction through G will be set to be 
invalid if the node level is 1. Note that node level 1 of GI-Node filter is the same as that of 
the GI basic filter. So, GI-Node filter can be helpful in identifying minimotifs that participate 
in higher order gene interactions. 
 
GI-Node filter works as follows. Let M be the putative motif. Let S’ be its source protein and let 
T’ be its target protein.  Let S be the encoding gene of S’ and let T be the corresponding 
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genes of T’. Let N be the node level. Then the following procedure is repeated N times. Get 
the set of genes that are known to interact with the gene S and T. Let these sets be S’’ and 
T’’, respectively. If any gene in S’’ is found to be interacting with any gene in T’’ then the 
minimotif is considered to be valid. The GI database is searched to check if these genes are 
known to interact with one another or not. After N iterations, if there is no match for the gene 
pairs in the GI database, then the minimotif is considered to be invalid. After each iteration, 
each possible pair of genes in S’’ and T’’ is reset to be S and T, respectively. This results in 
the growth of interaction network exponentially. For node level of 3 and above, the filter did 
not produce significant results. Therefore, the node level in MnM is now restricted to be 2. 
 
The GI-Node algorithm is given in Algorithm 5. 
----------------------------------------------------------------------------------------------------- 
Algorithm: GINode 
----------------------------------------------------------------------------------------------------- 
 
Input: Query Protein Q’, Target Protein T’, GI databases, Node level N 
Output: True if valid motif, False if invalid motif 
 
Algorithm: 
Get Q’’ and T’’, encoding genes of proteins Q’ and T’, respectively. 
If algorithm BasicGI is true 
     Return true. 
For i = 2 to N do 
     Get Q and T, immediate neighboring genes of Q’’ and T’’, respectively, from GI databases. 
     For each pair (A, B) in GI databases 
          For every combination of genes in Q and T 
               If the pair (Q, T) or (T, Q) exactly matches (A, B) 
                    Return true. 
Return false. 
----------------------------------------------------------------------------------------------------- 
Algorithm 5: Pseudocode for GI -Node filter 
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3. 3. 3 GI-Homologene Filter 
 
GIs that are conserved across multiple species are often found to have the same minimotifs. Even 
though GIs are poor discriminators in the prediction of the same in similar species, the fact 
that GIs that are conserved across species are known to have the same minimotifs can be 
used in effective prediction of novel minimotifs in unexplored proteins. To validate this 
hypothesis, the GI-Homologene filter was designed, built and tested. This is an extension of 
the basic GI filter and works similar to PPI-Homologene filter, except that it uses gene 
interactions, instead of protein-protein interactions.  
 
The GI-Homologene filter eliminates any putative motif if there is no known GI for the pair of 
genes of proteins of the motif. Let P be the putative motif. Let S and T be its source protein 
and its target proteins, respectively. The homologous proteins of these proteins S and T are 
identified using the Homologene database. Let the sets of these be S’ and T’, respectively. 
For each pair of proteins in S’ and T’, the encoding genes are identified. Let those genes be A 
and B. Note that A and B are lists of genes. For every pair of genes, one from the list A and 
the other from the list B, if there is a match in the GI databases, then P is hypothesized to be 
a valid motif. Otherwise, the filter filters out the motif as invalid. 
 
The algorithm PPI-Homologene is given in Algorithm 6. 
----------------------------------------------------------------------------------------------------- 
Algorithm: GIHomologene 
----------------------------------------------------------------------------------------------------- 
 
Input: Query Protein Q’, Target Protein T’, GI databases, Homologene database 
Output: True if valid motif, False if invalid motif 
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Algorithm: 
Get the Homologene clusters for Q’ and T’ from the Homologene database. Let them be {Q’1, 
Q’2, …, Q’n} and {R’1, R’2, …, R’m}, respectively. 
Get {Q1, Q2, …, Qn} and {R1, R2, …, Rm} that are encoding genes of proteins in {Q’1, Q’2, 
…, Q’n} and {R’1, R’2, …, R’m}, respectively. 
For i = 1 to n do 
     For j = 1 to m do 
          Check if there exists a pair (A, B) in the GI database such that (Qi = A and Rj = B) or (Qi 
= B and Rj = A). 
          If there is a match  
               Return true 
Return false 
----------------------------------------------------------------------------------------------------- 
Algorithm 6 Pseudocode for the GI-Homologene filter 
 
3. 4 Results and Analysis 
 
3. 4. 1 Methods of analysis of GI Filters 
 
To test the performance of any filter effectively, it is necessary to employ both positive and 
negative data. The GI databases such as BioGRID, Flybase, etc. contain known genetic 
interactions and can be used to measure the sensitivity of the GI filters. The percentage of 
interactions that are common across the verified specialized GI dataset and the MnM 
database can provide the sensitivity measures of the filters.  
 
Minimotif Miner 2.0 contains about 5300 annotated minimotifs, out of which ~3000 motifs 
contain both source protein and target protein information. If the protein information is 
missing in the MnM database it is due to ambiguous proteins in the literature or due to 
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unavailable alias for the protein sequence. These minimotifs can be mapped to encoding 
genes, so that it can be used as the validated true dataset. 
 
As there are no reported true negative datasets, a ‘random’ dataset was generated that would 
serve as the ‘negative’ dataset for validating the filters. This was done by randomly choosing 
pairs of gene and using them as non-interacting pairs. This is logical as the actual number of 
known gene interactions is very small. For instance, pairing up about 25,000 genes will have 
~312 million possible interactions of which only a small number of pairs are known to 
interact. Therefore, ~27,000 such pairs are generated to serve as the ‘negative’ dataset for 
evaluating the filters’ performance. The percentage of these interactions that are retained by 
the filter determines the selectivity measure of the filtering algorithms. 
 
We need filters with a high sensitivity and a low selectivity. The measure of Discrimination 
Ratio (DR) is employed to validate the effectiveness of any filter. The DR value of more than 
1 is desirable. The DR can be determined using the ratio of sensitivity to selectivity. 
 
3. 4. 2 Evaluation of GI filters 
 
Table 10 shows the measures of the GI filters. 
 
Filter Sensitivity Selectivity DR 
GI 21.20% 2.90% 7.3 
GI-node 56.20% 12.60% 4.5 
GI_HomoloGene 24.30% 11.90% 2 
 
Table 10 Evaluation of genetic interaction filtering algorithms 
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The GI basic filter performed the best among the three GI filters as it retains more true positives 
and eliminates most of the true negatives. It recovered ~21% of the true predictions. The GI-
Node filter had the node level of 2 and had a better sensitivity than that of the GI basic filter. 
However the selectivity was low denoting that it accepted many true negatives. Hence, in 
general, the GI basic filter performs better than the GI-Homologene filter. The GI-Similarity 
filter was also not as effective as the basic filter as it had a poor selectivity.  
 
The filters GI-Node filter and GI-Homologene filter were combined to see if the combination 
could produce a better performance. But the results were not as impressive as those of the GI 
basic filter. The GI-Node filter was also tested for node levels higher than 3. Even that test 
did not yield a better result. So, the conclusion is that the GI basic filter provides the best 
performance from among all the variations of the GI filter. 
 
3. 4. 3 Performance of the GI filter along with existing MnM Filters 
 
The performance of the GI filter in combination with other filters already implemented in MnM 
was also measured. The filters that were used for this purpose are as below: 
• Frequency score filter 
• Cellular function filter 
• Protein-protein interactions filter 
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The frequency score filter decreases the false prediction rate of minimotifs in MnM by 
considering the complexity of the motif sequence and the rate of occurrence of residues in 
the motif sequence against that in the proteome.  
 
Cellular function improves the prediction accuracy by considering if the protein involved in the 
minimotif is known to have a valid common cellular function or not. It restricts the 
predictions by including only those functions that are related to the query protein and the 
target protein of the minimotif. 
 
Protein-protein interactions filter is based on known interactions between the source and the 
target proteins of minimotifs. It considers a minimotif to be valid only if the query and the 
target proteins are involved in an interaction.  
 
Table 11 shows the measures of ROC curve for individual filters, as well as the GI filter in 
combination with other filters. 
 
Filter Area under ROC p-value 
Frequency score 0.72 0.08 
Cellular function 0.72 0.12 
GI 0.93 2.9*10-08 
PPI 0.97 3.8*10-07 
GI + Frequency score 0.96 1.1*10-06 
GI + Cellular function 0.95 1.5*10-06 
GI + PPI 0.96 1.1*10-06 
 
Table 11 Statistical comparison of the efficacy of different minimotif filters and filter combinations 
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The ROC curve characteristics show that GI performs slightly better than that of frequency score 
and functional filters, when compared individually. This could be because the GI filter 
contains orthogonal information that might be missed in the other filters.  
 
When the GI filter is combined with frequency score filter and cellular function filter, the area 
under the curve was modestly better than that of the individual filters, but the p-values were 
not as high as pair-wise combinations. The novel motif prediction rate for GI filter when 
compared against the frequency score filter was 24% better, and against the cellular function 
filter was 56% better. GI-Homologene filter also produced similar results. This showed that 
the GI Filter is more efficient in filtering the false positive minimotif predictions. 
 
When combining the GI filter with the PPI filter, 944 motifs passed the filter, whereas only 871 
motifs passed the PPI filter when tested individually. This increased the sensitivity by 8.4%, 
indicating that the GI filter and PPI filters were complementing each other in predicting 
novel minimotifs.  
 
3. 4. 4 The performance of the GI Filter as a function of minimotif properties 
 
The effect of minimotif properties such as motif activity on the performance of the GI filter was 
analyzed to see if the filter performs differently on different clusters of minimotifs. MnM 
database contains minimotifs that have binding or post translational modification roles. The 
post translational modification motifs are mostly of phosphorylation sites or proteose sites.  
Table 12 shows the result of the analysis. 56% of modified motifs had GI interactions, whereas 
only 19% of binding motifs had validated GI interactions. 
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Minimotif type Area under ROC p-value 
All 0.93 2.9*10-08 
Binds 0.95 1.5*10-06 
Modifies 0.84 4.8*10-03 
Phosphorylates 0.87 7.0*10-03 
 
Table 12 ROC curve statistics for different types of minimotifs 
 
 
When phosphorylation sites and proteose sites were separately clustered and analyzed, results 
showed that 49% and 80% of these clusters had validated data, and 7% and 0% of the 
random dataset had GIs. Figure 7 shows the ROC curves for dataset clustered based on motif 
activity. It can be seen that the results are highly significant, and can be used effectively to 
filter false positive minimotif predictions. 
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Figure 7 ROC curves for the GI filter with different types of minimotifs 
 
3. 4. 5 Analysis 
 
The effect of genetic interaction in minimotif prediction was explored in this study. Genetic 
interactions were used in the process of eliminating false positive predictions of minimotifs 
in Minimotif Miner web system. Three variations of the GI filter were built, tested and 
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implemented. The basic GI filter eliminates the minimotif if its source-target pair is not 
known to be involved in a gene interaction. This filter yielded the best result in comparison 
with the other variants of the filter, and can be used effectively in improving the prediction 
accuracy of minimotifs. 
 
The GI-Node filter is based on the path length involved in the interaction of genes. It was 
observed that this filter had good sensitivity but poor selectivity. However, based on the 
restriction that can be applied to the degree of the node to be examined, this filter can be 
useful in motifs prediction as well. 
 
GIs that are conserved across species and taxa are known to have minimotifs as their basis. So 
the homologous proteins and genes have been brought into consideration for the GI-
Homologene filter. This filter was not as significant as the other filters, more likely because 
the concentration of data in MnM database is not equally spread across species. However, 
this can still be useful in scenarios when similar species are involved. 
 
The GI filters have been tested in combination with other filters implemented in MnM. The 
motifs were also grouped based on their activities to see if the grouping had any effect on the 
performance of the GI filters.  
 
In summary, all the above results show that the GI filter is significant in most of the cases and 
can be used to efficiently filter out false positives in minimotifs prediction. 
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3. 5 MnM implementation of GI filters 
 
MnM accepts the accession number and alias of a query protein sequence. For instance, the 
query could use RefSeq, UniProtKB, GeneID, PIR and UniParc Ids. The protein sequence 
itself can be input. GI filters in MnM consider the query protein entered by the user as the 
source protein and take the target protein list identified in the annotation as the target protein 
list. Note that for a minimotif there could be more than one possible target proteins. The 
original source protein is ignored in the analysis of the query protein in MnM user interface. 
However, for analyzing the filter and evaluating it, the original source protein is used as such.  
 
3.6 MnM User interface for GI Filters 
 
The GI filters were implemented in MnM along with other filters such as protein-protein 
interactions filter, cellular function filter, etc. The GI filters have been added as a part of the 
‘Motif Filters’ and they can be used on their own or along with other filters. The GI filters 
also include options to list the motifs that pass the filter or fail the filter. When chosen to list 
the motifs included by any filter, it displays the list of motifs that are retained by the filter as 
valid motifs. The exclude option of the filter lists the motifs that are filtered out by the filter. 
 
GI basic filter, GI-Node filter and GI-Homologene filter are in the menu list (Figure 8). 
Respective filters are applied based on the option(s) selected by the user. The interface is also 
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modified to sort and list the results based on user requirements. The results can also be 
exported, if needed.  
 
 
Figure 8 Screen Shot of Minimotif Miner filter menu for GI Filters selection. 
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3.7 Conclusions 
 
GI interactions are found to be a factor in determining the existence of a valid minimotif in a 
protein sequence. Filters that make use of GI datasets are implemented and tested in 
Minimotif Miner web system and have proven to be effective in the reduction of false 
positive prediction of minimotifs. This shows that genetic interaction can be of much help in 
refining the minimotif prediction mechanisms in addition to revealing the functional 
connections between the genes studied by genetic experimentation. This new computation 
tool for filtering the potential motifs from the others can be of much help to the scientists in 
the discovery of novel motifs as well as in the study of gene interactions.  
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Chapter 4 - Conclusions and Future 
Work 
 
 
In this work, the problem of reducing the false positives in minimotifs was addressed, especially 
in the context of Minimotif Miner, a web system that aids the scientists in the prediction of 
novel motifs in proteins. Based on the advancement in the study of protein-protein 
interactions, and gene interactions, and the usefulness of bringing these into the reduction of 
false positive minimotif predictions, two filters are proposed, namely 
1) Protein-protein interactions filter and 
2) Genetic interactions filter. 
 
The protein-protein interactions filter effectively reduces the false positive prediction of 
minimotifs by checking if the proteins of the minimotif are known to interact. The databases 
such as MINT and HPRD provide details about known protein-protein interactions. Different 
variations of the PPI filter have been implemented and tested, and have proven to be effective 
in false positives elimination. PPI filter examines the direct proteins associated with the 
minimotifs to validate the prediction. It examines if a known interaction is found between the 
proteins. PPI-Homologene filter extends the basic PPI filter by including the homologous 
proteins to take care of species specific information. PPI-Similarity filter examines sequence 
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similarity using BLAST to filter out random minimotif predictions. The filters have been 
implemented in MnM, and tested for their significance and have been proven to be effective 
in identifying potential motifs in protein sequences. 
 
The GI filters are aimed at assessing the importance of gene interactions in the prediction of 
minimotifs, and have been proven to be as effective as other filters in identifying false 
positives in motifs prediction and eliminating them. GI datasets were obtained from different 
databases such as BioGRID and Flybase, and were used in determining if two genes are 
known to be interacting or not. Variations such as using Homologene database for extending 
the predictions to similar species (named GI-Homologene filter), and using GI networks and 
node counts to restrict the refinement of false positive elimination in motifs prediction 
(named GI-Node filter) have been suggested, built, implemented and tested in the MnM web 
system. These filters are known to produce effective results in the elimination of false 
positives in motif prediction. 
 
In addition to the usage of these filters in reducing false positives, these filters are also helpful in 
studying protein-protein interactions and genetic interactions at a fine level of granularity. 
Identification of novel motifs through MnM suggests the existence of potential relationships 
among the proteins and their genes, which might not have been found so far. So, these 
studies are effective in the advancement of biological understanding about minimotifs, and 
the way they associate to protein-protein interactions and genetic interactions.  
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Even though these filters are helpful in eliminating false-positives in motif predictions, we have 
not yet reached a stage where there is a guarantee that all minimotifs that are reported by the 
prediction algorithms are valid novel minimotifs. So, more filters need to be implemented 
based on the requirement that the minimotifs reported should be as close as possible to the 
real motifs. This will evolve over time as the understanding about minimotifs grows and it is 
also based on the availability of other factors.  
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Appendix A – Percentage of minimotifs 
in the corresponding proteins that pass 
the Similarity-PPI filter 
 
 
GAP43 (growth associated protein 43): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Rat 76 76 21 21 21 21 21 21 21 21 
Human 78 78 18 18 18 18 18 18 18 18 
Mouse 76 76 20 20 20 20 20 20 20 20 
 
 
CD2 (CD2 molecule): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 87 26 26 26 26 26 26 26 26 26 
Mouse 100 100 100 100 81 81 81 81 21 21 
Rat 79 79 16 16 16 16 16 16 16 16 
 
 2 
 
 
DYRK1A (dual-specificity tyrosine-(Y)-phosphorylation regulated kinase 1A): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Rat 81 81 81 81 81 14 14 14 14 14 
Human 81 81 81 81 81 16 16 16 16 16 
Mouse 81 81 81 81 81 12 12 12 12 12 
 
 
TRPM6 (transient receptor potential cation channel, subfamily M, member 6): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Mouse 23 23 23 23 23 4 4 4 4 4 
Human 96 84 20 20 20 20 20 20 20 20 
Rat 0 0 0 0 0 0 0 0 0 0 
 
 
DNASE1L2 (deoxyribonuclease I-like 2): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 76 76 21 21 21 21 21 21 21 21 
 3 
 
Mouse 78 78 18 18 18 18 18 18 18 18 
Rat 76 76 20 20 20 20 20 20 20 20 
 
 
IRS1 (insulin receptor substrate 1): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 18 18 18 18 18 18 18 18 18 18 
Mouse 1 1 1 1 1 1 1 1 1 1 
Rat 21 10 10 10 10 10 10 10 10 10 
 
 
INPP5A (inositol polyphosphate-5-phosphatase, 40kDa): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 79 15 15 15 15 15 15 15 15 15 
Mouse 0 0 0 0 0 0 0 0 0 0 
Rat 26 26 1 1 1 1 1 1 1 1 
Fly 82 16 16 16 16 16 16 16 16 16 
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GP1BA (glycoprotein Ib (platelet), alpha polypeptide): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 81 81 17 17 17 17 17 17 17 17 
Mouse 100 100 100 19 19 19 19 19 19 19 
Rat 0 0 0 0 0 0 0 0 0 0 
 
NXPH3 (neurexophilin 3): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 100 100 100 100 100 100 100 100 100 100 
Mouse 100 100 77 77 77 77 77 77 77 77 
Rat 100 77 77 77 77 77 77 77 77 77 
 
NR5A1 (nuclear receptor subfamily 5, group A, member 1): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 100 100 24 24 24 24 24 24 24 24 
Mouse 0 0 0 0 0 0 0 0 0 0 
Rat 27 27 4 4 4 4 4 4 4 4 
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RP1L1 (retinitis pigmentosa 1-like 1): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 4 4 0 0 0 0 0 0 0 0 
Mouse 5 0 0 0 0 0 0 0 0 0 
 
USP8 (ubiquitin specific peptidase 8): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Mouse 95 30 15 15 15 15 15 15 15 15 
Human 23 23 6 6 6 6 6 6 6 6 
Rat 100 32 17 17 17 17 17 17 17 17 
Fly 0 0 0 0 0 0 0 0 0 0 
 
COBRA1 (cofactor of BRCA1): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 98 34 18 18 18 18 18 18 18 18 
Mouse 98 98 16 16 16 16 16 16 16 16 
Rat 97 19 19 19 19 19 19 19 19 19 
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CSF2RA (colony stimulating factor 2 receptor, alpha, low-affinity 
(granulocytemacrophage)): 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 98 81 20 20 20 20 20 20 20 20 
Mouse 29 5 5 5 5 5 5 5 5 5 
 
MCOLN1 (mucolipin 1) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Mouse 84 84 15 15 15 15 15 15 15 15 
Human 24 24 6 6 6 6 6 6 6 6 
Rat 26 6 2 2 2 2 2 2 2 2 
 
ERBB3 (v-erb-b2 erythroblastic leukemia viral oncogene homolog 3 (avian)) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 89 89 21 21 21 21 21 21 21 21 
Mouse 21 2 2 2 2 2 2 2 2 2 
Rat 20 20 5 5 5 5 5 5 5 5 
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DLGAP1 (discs, large (Drosophila) homolog-associated protein 1) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Rat 100 100 87 87 87 87 87 87 25 25 
Human 86 86 16 16 16 16 16 16 16 16 
Mouse 100 100 25 25 25 25 25 25 25 25 
 
 
TYK2 (tyrosine kinase 2) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 2 2 2 2 2 2 2 2 2 2 
Mouse 30 30 8 4 4 4 4 4 4 4 
 
 
AGTR1 (angiotensin II receptor, type 1) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 1 1 1 1 1 1 1 1 1 1 
Mouse 0 0 0 0 0 0 0 0 0 0 
Rat 0 0 0 0 0 0 0 0 0 0 
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IL1B (interleukin 1, beta) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 0 0 0 0 0 0 0 0 0 0 
Mouse 84 84 70 19 19 19 19 19 19 19 
Rat 0 0 0 0 0 0 0 0 0 0 
 
BAZ2A (bromodomain adjacent to zinc finger domain, 2A) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 85 85 18 18 18 18 18 18 18 18 
Mouse 0 0 0 0 0 0 0 0 0 0 
 
CELSR3 (cadherin, EGF LAG seven-pass G-type receptor 3 (flamingo homolog, 
Drosophila)) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 93 93 33 33 20 20 20 20 20 20 
Mouse 8 8 3 3 3 3 3 3 3 3 
Rat 0 0 0 0 0 0 0 0 0 0 
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SLC22A3 (solute carrier family 22 (extraneuronal monoamine transporter), member 3) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 82 82 82 10 10 10 10 10 10 10 
Mouse 0 0 0 0 0 0 0 0 0 0 
Rat 0 0 0 0 0 0 0 0 0 0 
 
 
NBEA (neurobeachin) 
 BLAST Threshold 
 10 20 30 40 50 100 150 200 500 1000 
Human 81 81 81 81 81 18 18 18 18 18 
Fly 0 0 0 0 0 0 0 0 0 0 
 
